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Aims Atherosclerosis is currently evaluated by imaging, but scalable circulating biomarkers to detect its presence and quan
tify overall burden are lacking. We sought to define plasma proteomic signatures that reflect the systemic burden of 
atherosclerosis.

Methods 
and results

In UK Biobank, we trained machine-learning models on plasma proteomics in a nested, propensity score–matched case– 
control sample (1666 cases; 1666 controls; Olink Explore 3072, 2920 proteins) to derive four AtheroBurden signatures: 
one based on the entire proteome (all 2920 proteins) and three biologically informed subsets—genetically anchored 
(n = 402), atherogenesis-related (n = 680), and artery-enriched (n = 248). We then computed individual-level signatures 
in 41 200 disease-free participants and validated their performance through (i) correlation with carotid plaque burden 
via ultrasound (n = 1712); (ii) prospective major adverse cardiovascular events (MACEs) prediction over 13.7 year follow- 
up using multivariable Cox models and incremental prediction over Systematic COronary Risk Evaluation version 2 
(SCORE2) [ΔC-index; net reclassification improvement (NRI)], as well as in the external Cooperative Health Research in 
the Region of Augsburg (KORA) S4 (n = 1361) and Age1 (n = 796) cohorts; and (iii) longitudinal trajectories analysis in 
1210 participants with 3 serial proteomic measurements. All four AtheroBurden signatures robustly discriminated preva
lent atherosclerotic disease (receiver operating characteristic area under curve up to 0.91, 95% CI: 0.89–0.93) with their 
levels significantly increasing with the number of clinically affected vascular beds. We found significant correlations with 
carotid ultrasound–measured plaque burden. In prospective analysis, each signature exhibited strong associations with in
cident MACE [hazard ratio (HR) per standard deviation increase in whole-proteome signature: 1.75, 95% CI: 1.68–1.83; HR 
for Q4 vs. Q1: 3.18, 95% CI: 2.8–3.61], providing significant improvements in risk discrimination (ΔC-index: +0.044; P <  
0.0001) and reclassification [NRI: 0.12 (95% CI: 0.09–0.15) at a 10% risk threshold] beyond SCORE2. These results were 
replicated in the KORA S4 and KORA-Age1 cohorts, where the signatures were associated with risk of future myocardial 
infarction and stroke. Furthermore, longitudinal analyses demonstrated steeper annual increases in proteomic signature 
among individuals with higher burden of vascular risk factors and individuals who experienced MACE over follow-up.
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Conclusion Plasma proteomic signatures effectively capture atherosclerotic burden and improve cardiovascular risk prediction in 

asymptomatic individuals. They may complement existing risk stratification by serving as a scalable and accessible 
blood-based screening tool to identify individuals more likely to have subclinical atherosclerosis and may benefit 
from confirmatory imaging and earlier prevention strategies.
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1. Introduction
Cardiovascular disease (CVD) remains the leading global cause of 
death and disability,1,2 driven primarily by atherosclerosis,3 a pro
gressive, lipid-driven inflammatory process that silently accumu
lates over decades before culminating in clinical events such as 
myocardial infarction (MI) and stroke.4,5 Despite advances in pre
vention and treatment, many individuals with a high atherosclerosis 
burden remain undiagnosed until the occurrence of a major cardio
vascular event, underscoring a critical gap in early detection and 
prevention.6 The continued rise in the incidence of cardiovascular 
events7,8 further emphasizes the need to refine current paradigms 
of risk assessment.

Current prevention strategies rely on population-level algorithms, 
such as Systematic COronary Risk Evaluation version 2 (SCORE2) 
and the pooled cohort equations, which estimate cardiovascular 
risk based on demographic and clinical variables including age, sex, 
blood pressure, and cholesterol levels.9–11 While widely adopted, 
these models do not directly quantify atherosclerotic burden and of
fer limited resolution in individual risk assessment. Direct detection of 
subclinical atherosclerosis remains dependent on imaging modalities 
including angiography, computed tomography, magnetic resonance 
imaging, positron emission tomography, or ultrasound.12–14 While in
formative, these techniques are constrained by procedural risks, radi
ation exposure, availability, and the need for specialized personnel.15

Circulating biomarkers may help address some of these limitations by 
serving as scalable screening tools to identify individuals more likely 
to have subclinical atherosclerosis, prioritize them for imaging-based 
confirmation, and support cardiovascular risk stratification and longi
tudinal monitoring. However, existing circulating biomarkers, such as 
C-reactive protein16 or cardiac troponins,17 primarily reflect systemic 
inflammation or myocardial injury and fall short of directly assessing 
atherosclerotic plaque burden or progression.

Circulating proteins may serve as real-time indicators of patho
physiological processes.18 Recent advances in proteomic technolo
gies enable the simultaneous quantification of thousands of 
proteins,19,20 providing a window into dynamic, tissue-specific 
pathophysiological processes. Integrating these data through ma
chine learning has uncovered proteomic signatures predictive of 
early stages of neurodegenerative disease,21–25 cancer,26–28 dia
betes,29–31 autoimmune disease,32,33 and mortality risk through 
proteomic ageing clocks.34 While previous studies have shown 
the potential for plasma proteomics in improving prediction of 
specific cardiovascular outcomes,35–41 these efforts have largely 
been optimized for event prediction and were not designed to dir
ectly quantify underlying systemic atherosclerosis burden or its 
progression. In parallel, proteomics studies targeting subclinical 
atherosclerosis have often been conducted in cohorts of limited 
size42–44 and have focused on specific vascular territories or im
aging phenotypes,45–48 thereby limiting the systematic assessment 
of overall atherosclerotic burden and its longitudinal evolution.

Here, we leveraged plasma proteomics from the UK Biobank 
(UKB) and two independent cohorts to develop and validate four 
biologically informed proteomic signatures of atherosclerotic bur
den (AtheroBurden). Using machine learning, we constructed four 
signatures based on data from 1666 cases with established 

atherosclerotic disease and 1666 age- and sex-matched controls: 
WholeProteome (derived from the entire proteome), Genetic [gen
etically anchored proteins identified via Mendelian randomization 
(MR)], Mechanistic (proteins implicated in atherogenesis), and 
Arterial (artery-enriched proteins). We analysed associations be
tween the signatures and carotid plaque burden measured by im
aging. Subsequently, we evaluated the ability of these signatures 
to predict incident cardiovascular events in 41 200 disease-free 
UKB participants (median follow-up 13.7 years), and further vali
dated externally in Cooperative Health Research in the Region of 
Augsburg (KORA) S4 (n = 1,361, median follow-up 15.1 years) 
and KORA-Age1 (n = 796, median follow-up 6.8 years). Finally, 
we assessed the longitudinal trajectories of these four signatures 
across three serial time points spanning a median of 12.5 years 
and investigated how signature trajectories are influenced by base
line cardiovascular risk factors and the occurrence of future cardio
vascular events.

2. Methods
2.1 Study populations and datasets
The UKB represents a prospective cohort study encompassing 502  
421 individuals from the general UK population.49 Between March 
2006 and October 2010, participants aged 37–73 years attended 
one of 22 assessment centres across Scotland, England, and 
Wales.49,50 Each participant completed a touchscreen question
naire, had physical measurements taken, and provided blood, urine, 
and saliva samples at baseline. Detailed information about the UKB 
protocol can be found at http://www.ukbiobank.ac.uk. Baseline 
plasma proteomics at the UKB baseline visit (Instance 0) were avail
able for 54 219 participants; after excluding participants with >30% 
missing values across all measured proteins, 44 788 participants re
mained and constituted the UKB analytic proteomics cohort, from 
which the datasets described below were derived.

2.1.1 Discovery dataset (case–control study)
The discovery dataset, used to develop the AtheroBurden scoring sys
tem, was drawn from the UKB analytic proteomics cohort. We identi
fied 1666 cases with established atherosclerotic disease (detailed in 
the ‘Atherosclerosis Ascertainment’ section) and matched controls 
without atherosclerotic events at baseline or during follow-up. For 
control selection, each case was first matched to six candidates based 
on age and sex using propensity score matching (R package MatchIt, v 
4.5.5);51,52 from each set of 6 matched controls, we then selected the 
control with the fewest International Classification of Diseases, 10th 
Revision (ICD-10) diagnosis codes, thereby reducing potential con
founding due to comorbidity burden and improving case–control 
comparability, yielding the final 1:1 matched case–control dataset of 
3332 participants.

2.1.2 Internal validation dataset (prospective cohort 
study)
To assess the performance of the AtheroBurden scores developed 
from the discovery dataset, we analysed data from UKB 
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participants with proteomics data and no history of atherosclerotic 
CVD that were not included in the discovery dataset. We included 
individuals aged 40–70 years, resulting in 41 200 participants. 
Assuming that a score capturing atherosclerosis burden in asymp
tomatic individuals should be associated with future risk of major 
adverse cardiovascular events (MACEs), we assessed associations 
of AtheroBurden scores with the occurrence of incident MACE 
over a median follow-up of 13.7 years.

2.1.3 Longitudinal analysis dataset in UKB
To evaluate temporal changes in AtheroBurden scores and their as
sociations with cardiovascular risk profiles, we utilized repeated 
proteomic measurements available for a subset of UKB partici
pants. A total of 1210 individuals, derived from the COVID-19 
repeat-imaging study, had at least 2 proteomic measurements, al
lowing for longitudinal analysis.

2.1.4 Carotid plaque subset in UKB
To assess associations of the developed AtheroBurden scores with 
subclinical atherosclerosis burden, we used data from a follow-up 
imaging visit of UKB participants initiated in 2014. A subset of 
82 340 participants underwent carotid ultrasound as part of a com
prehensive assessment. From this group, 19 499 individuals pro
vided a total of 177 757 carotid ultrasound images, which were 
subsequently processed for plaque evaluation. Ultrasound imaging 
was performed using a standardized protocol to capture bilateral 
carotid arteries.53 A total of 1712 participants had both carotid 
ultrasound and plasma proteomics data, enabling the investigation 
of associations between AtheroBurden scores and carotid plaque 
presence and burden.

2.1.5 KORA cohorts
To externally validate our findings, we utilized data from KORA 
studies,54 specifically the KORA S4 and KORA-Age1 cohorts.31,39

Ethical approval was granted by the local ethics committee, and 
all participants provided written informed consent. KORA S4 was 
conducted between 1999 and 2001, enrolling 4261 participants, 
of which 1361 participants aged 55–74 years were included in 
our analysis due to the availability of proteomics data and follow-up 
data. KORA-Age1 recruited 1079 participants aged 65–93 years, 
with proteomics and follow-up data available for 796 individuals. 
Both cohorts were used to investigate the relationship between 
proteomics and cardiovascular outcomes, specifically incident MI 
and stroke. Among the 1361 participants in KORA S4, 207 were 
also part of the KORA-Age1 cohort, though these participants 
were assessed at different time points. In sensitivity analyses, we 
excluded the overlapping participants from both cohorts to ensure 
independence between datasets.

2.2 Proteomic profiling and preprocessing
2.2.1 Plasma proteomics in UKB
Blood samples were primarily collected from UKB participants dur
ing their baseline visit (Instance 0), with additional samples gathered 
from members of the UKB Pharma Proteome Consortium and indi
viduals in the COVID-19 repeat-imaging study. Proteomic profiling 
was performed using the antibody-based Olink® Proteomics prox
imity extension assay (PEA) technology in ethylenediaminetetraace
tic acid (EDTA)–anticoagulated plasma samples.55

At baseline (Instance 0), proteomic profiling was performed 
using the Olink® Explore 3072 platform, which encompasses eight 
distinct panels: Cardiometabolic, Cardiometabolic II, Inflammation, 
Inflammation II, Neurology, Neurology II, Oncology, and Oncology II. 
This comprehensive platform enabled quantification of 2923 unique 
proteins across 54 219 participants.56 Samples were representative 

of the broader UKB population, with 93% of European ancestry. 
Protein levels were provided as normalized protein expression (NPX) 
values, generated by log-transforming counts normalized to extension 
controls.57 Assessments indicated that protein expression levels were 
minimally affected by protein batch, study centre, and genetic principal 
components. Detailed protocols for sample handling, processing, and 
quality control (QC) are available online.56 For follow-up assessments 
(Instances 2/3), the Olink® Explore 1536 platform was employed, re
sulting in measurements of 1463 proteins. Despite differences in panel 
coverage between baseline and follow-up assessments, the funda
mental profiling technology and QC procedures remained consistent, 
ensuring methodological comparability across time points.57

After excluding three proteins [glioma pathogenesis-related protein 
1 from the Oncology II panel, Procollagen C-endopeptidase enhancer 
1 (PCOLCE) from the Cardiometabolic panel, and nucleophosmin 
(NPM1) from the Neurology panel] that were missing in more than 
30% of participants in the final study cohort, the remaining missing va
lues were imputed using a normal distribution method as previously 
described.58 The mean of this imputation distribution was adjusted 
by subtracting 1.8 SD from the mean of the abundance distribution 
of all proteins in one sample. The standard deviation of the imputation 
distribution was set to 0.3 times the standard deviation of the abun
dance distribution.

2.2.2 Plasma proteomics in KORA
Proteomics data for both KORA S4 and KORA-Age1 cohorts were 
also measured in EDTA plasma using Olink® Proteomics PEA tech
nology, covering 276 protein biomarkers from CVD (CVD-II and 
CVD-III) and inflammation panels. The data processing, including 
QC and normalization, was performed by the KORA team as previ
ously described.31,39 Proteins with more than 25% of values below 
the limit of detection (LOD) or with missingness were excluded. For 
proteins present in multiple panels, the version with fewer values 
below LOD and a lower inter-assay coefficient of variation was re
tained. After applying these QC criteria, 233 unique proteins passed 
QC in KORA S4, while 243 proteins passed QC in KORA-Age1. Due 
to differences in the specific protein panels used between the KORA 
cohorts and UKB, 232 proteins from KORA S4 and 242 proteins 
from KORA-Age1 overlapped with those measured in UKB; prote
omic signatures were therefore recalculated using these overlap
ping proteins for external validation in KORA.

2.3 Outcomes definition
2.3.1 Atherosclerosis ascertainment
Clinical diagnoses and surgical records were utilized as proxies to 
identify individuals with presence of atherosclerotic disease. 
Atherosclerosis was ascertained by identifying events across mul
tiple vascular beds, including coronary, extra- and intracranial, aor
tic, peripheral, and other arterial sites. Curated disease phenotypes 
were defined using clinical diagnosis codes from the International 
Classification of Diseases, 9th and 10th revisions (ICD-9 and 
ICD-10), as well as surgical procedure codes from the Office of 
Population Censuses and Surveys, 4th revision. Diagnosis dates 
were obtained from linked individual participant data. Incident 
events due to atherosclerotic disease were ascertained from hos
pital inpatient data summaries (fields 41270, 41271, 41272) as out
lined in Supplementary material online, Table S1. Prevalent events 
were defined as those occurring before the participant’s baseline 
visit when a blood sample was collected. Individuals with corre
sponding prevalent events for each outcome were considered as 
cases. Individuals without any experienced atherosclerotic events 
at baseline and during follow-up were considered as controls and 
subsequently underwent propensity score matching to construct 
the discovery dataset. For each individual, atherosclerotic events 
were evaluated across the five vascular beds described above. 
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The presence of an event in any vascular bed scored 1 point, result
ing in atherosclerotic burden levels ranging from 0 (no events) to 2 
(events in two or more vascular beds).

2.3.2 MACE outcome definitions
The outcome in the internal validation cohort included incident 
traditional three-point MACE, which comprised non-fatal acute 
MI (AMI), non-fatal ischaemic stroke (IS), and cardiovascular death 
(CV death). ICD-9 and ICD-10 codes for each endpoint are listed in 
Supplementary material online, Table S2, ascertained from linked 
Hospital Episode Statistics and death registries. For each partici
pant, follow-up began at their baseline visit to the UKB assessment 
centre, where clinical information and blood samples were col
lected. The first occurrence of a MACE event was recorded as 
the primary endpoint for the composite outcome analysis, ensuring 
each participant contributed only once. For participants without a 
MACE event, follow-up was censored at the earliest of non- 
cardiovascular death, or the last available hospital inpatient record 
(31 October 2022 for England, 31 August 2022 for Scotland, and 
31 May 2022 for Wales). Mortality data were available until 31 
October 2022, and participants without events were censored on 
these respective dates. When analysing individual components of 
MACE (AMI, IS, and CV death) as separate outcomes, we included 
each participant’s first occurrence of each specific event type.

In the KORA cohorts, the endpoint was the first validated MI or 
IS. MIs were ascertained via the Augsburg MI Registry: events be
fore 31 December 2000 followed World Health Organization 
Monitoring Trends and Determinants in Cardiovascular Disease ad
judication, and those from 1 January 2001 used European Society 
of Cardiology/American College of Cardiology criteria. MIs outside 
the registry’s area or age limits (>74 years, >84 years from 2009) 
were identified through follow-up questionnaires and confirmed 
with hospital or physician records; fatal MI cases were identified 
through death certificates or autopsy reports. Non-fatal ISs were 
initially identified through self-reports and validated with medical 
records, while fatal strokes were identified through death certifi
cates or autopsy reports. KORA S4 participants had their baseline 
examination in 1999–2001, first follow-up examination in 2006– 
08 and second follow-up examination in 2013–14. Furthermore, 
postal questionnaires were sent out in 2008–09 and 2016; 
KORA-Age1 participants had their baseline visit in 2008–09, first 
follow-up visit in 2012, and a postal questionnaire was sent to 
them in 2016.

2.3.3 Carotid plaque assessment
Carotid ultrasound images were analysed using the deep learning 
model described by Omarov et al.,59 which assesses carotid plaque 
presence and the number of plaques in the left and right carotid ar
teries. Plaques were defined as focal protrusions into the arterial lu
men with a thickness greater than 50% of the surrounding carotid 
intima-media thickness,60 with plaque presence determined by the 
identification of at least one plaque in either carotid artery. Plaque 
burden was assessed based on the total number of plaques de
tected in both carotid arteries and categorized as 0 for participants 
with no plaques, 1 for those with a single plaque, and 2 for those 
with two or more plaques.

2.4 Covariates and SCORE2 calculation
2.4.1 Demographic and covariates
Baseline variables used in our analyses included age, sex, ethnic 
background, smoking and drinking status, systolic blood pressure 
(SBP), diastolic blood pressure (DBP), cholesterol levels, body 
mass index (BMI), kidney function [estimated glomerular filtration 
rate (eGFR)], glycated haemoglobin A1c (HbA1c), first-degree fam
ily history of CVD, and history of diabetes and hypertension. 

Detailed definitions of these variables, including UKB field IDs, 
are provided in Supplementary material online, Table S3. 
Self-reported information on ethnic background, smoking status 
(current, previous, or never), drinking status (current, previous, or 
never), and first-degree family history of CVD (heart disease and/ 
or stroke in any parent or sibling) was obtained from baseline ques
tionnaires. Blood pressure was measured during the baseline visit, 
and the average of two readings was used. BMI was calculated as 
weight in kilograms divided by height in metres squared (kg/m2). 
Cholesterol levels, including total cholesterol (TC), low LDL choles
terol (LDL-C), HDL cholesterol (HDL-C), and triglycerides, were 
measured from fasting blood samples. Kidney function was as
sessed using eGFR calculated from serum creatinine and Cystatin 
C levels using the Chronic Kidney Disease Epidemiology 
Collaboration equation (2021).61 History of diabetes and hyperten
sion was assessed based on medication use and hospital records. 
Information on the use of glucose-lowering medications, antihyper
tensive medications, and lipid-lowering medications was obtained 
from participant medication data. Hospital records were reviewed 
to identify prior diagnoses using relevant ICD-9 and ICD-10 codes, 
with specific codes provided in Supplementary material online, 
Table S4. For the KORA cohorts, similar demographic and clinical 
variables were collected and defined as previously described.62,63

2.4.2 SCORE2 calculation
We estimated the 10 year risk of MACE for each participant using 
the SCORE2 algorithm,64 based on individual factors such as age, 
sex, SBP, TC, HDL-C, and smoking status. Participants aged 40– 
70 years without MACE were included in this analysis. The linear 
predictor for each participant was calculated using sex-specific re
gression coefficients from the SCORE2 working group.64 To better 
align observed and predicted risk, we applied log hazard ratios 
(HRs) from the SCORE2 sensitivity analysis that specifically ex
cluded UKB participants (as reported in Supplementary Table 8 of 
the SCORE2 publication).64 For absolute risk calculation, following 
the approach described in previous studies,65 these linear predic
tors were converted into calibrated 10 year risks using the 
SCORE2 recalibration formula with scaling factors for low-risk 
European regions (as reported in Supplementary methods Table 4
of the SCORE2 publication).64

2.5 Machine learning model development
To explore the potential of plasma proteomics to deliver novel bio
marker signatures for atherosclerosis, we developed the 
AtheroBurden scoring system using machine learning (ML) classi
fiers in the discovery dataset. The process involved selecting rele
vant protein features, constructing diagnostic models using 
various ML algorithms, evaluating their performance, and generat
ing continuous AtheroBurden scores from the best model.

2.5.1 Protein feature pre-selection
To leverage atherosclerosis biology while minimizing confounding 
from late-stage organ damage signals, we designed four protein 
panels:

2.5.1.1. Whole-proteome panel
Without prior feature selection, we included all 2920 plasma pro
teins to construct an ML model predicting the probability of athero
sclerosis presence.

2.5.1.2. MR-derived protein panel
We conducted a two-sample MR analysis to identify proteins that 
are genetically influenced by predisposition to coronary artery dis
ease (CAD), providing causal evidence for their potential roles in 
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atherosclerosis pathways, with CAD serving as the exposure and 
plasma protein levels as the outcome. Genetic instruments were se
lected from the largest available CAD Genome-Wide Association 
Study (GWAS) summary statistics by Aragam et al.,66 filtered for 
genome-wide significance (P < 5 × 10−08), and further clumped to 
retain independent variants (r2 < 0.001, 10,000 kb window). 
These instruments were then matched to the Coronary ARtery 
DIsease Genome-wide Replication and Meta-analysis plus the 
Coronary Artery Disease Genetics (CARDIoGRAMplusC4D) 1000 
Genomes–based GWAS summary statistics.67 This dataset does 
not include UKB data, ensuring that there was no overlap between 
exposure and outcome datasets. After filtering and matching, 217 
single-nucleotide polymorphisms were selected for the MR ana
lysis, with all necessary data, including beta values, obtained from 
the CARDIoGRAMplusC4D.

Plasma protein data were sourced from the UKB Pharma 
Proteomics Project, which measured 2940 plasma proteins in 54  
219 participants. GWAS summary statistics for these data are publicly 
available via Synapse.57 (https://www.synapse.org/Synapse: 
syn51365303) The MR analysis was conducted using the R package 
TwoSampleMR (v 0.5.6), employing the random effect inverse variance 
weighted method for estimating causal effects. Using these data, the 
MR analysis identified 402 proteins (P < 0.05) whose levels were gen
etically influenced by predisposition to CAD, suggesting their poten
tial role as causal mediators in the disease pathway.

2.5.1.3. Atherosclerosis-related protein panel
To identify proteins specifically associated with atherosclerosis, we 
utilized the Enrichr platform,68 querying relevant terms and path
way databases for gene sets related to atherosclerosis. This search 
yielded 52 gene sets, from which we compiled a comprehensive list 
of genes (n = 3312) associated with atherosclerosis. These annota
tions were then mapped to the UKB Olink proteome, resulting in 
680 atherosclerosis-related proteins, which constituted the 
atherosclerosis-related protein panel used for model development.

2.5.1.4. Artery-enriched protein panel
This panel focused on proteins with specific or elevated expression 
in arterial tissues, hypothesized to be closely related to atheroscler
otic lesions. We obtained gene expression data from the 
Genotype-Tissue Expression (GTEx) project (Release V8, dbGaP 
Accession phs000424.v8.p2),69 which provided comprehensive 
tissue-specific bulk RNA-seq expression profiles across various hu
man tissues, including vascular tissues. We grouped three vascular 
tissues—coronary, aorta, and tibial artery—together as the vascular 
group, while all other organs were grouped as the non-vascular 
group. Genes were considered artery-enriched if their expression 
levels in the vascular group were at least three-fold higher than in 
the non-vascular group. We then mapped these genes to the plasma 
proteomics data from the UKB, resulting in an artery-enriched pro
tein panel of 248 proteins used for model development.

2.5.2 ML classifiers
We utilized Python packages scikit-learn (v 1.3.2), catboost (v 1.2.5), 
lightgbm (v 4.2.0), and xgboost (v 2.0.3), to implement a range of ML 
techniques, including logistic regression, random forest, elastic net 
regression (ElasticNet), support vector machine (SVM), and multi
layer perceptron (MLP). Additionally, gradient boosting classifiers 
such as Light Gradient Boosting Machine (LightGBM), categorical 
boosting (CatBoost), and eXtreme Gradient Boosting (XGBoost) 
were employed. These classifiers were designed to predict whether 
participants belonged to Class 1 (diagnosed with atherosclerotic 
events at baseline) or Class 0 (event-free). ML models were estab
lished using a discovery dataset created using propensity 
score matching based on age and sex to select healthy controls 

(n = 1666) for participants with prevalent atherosclerotic events 
(n = 1666). This matching technique helps mitigate potential non
linear confounding effects. We then randomly split the discovery da
taset into training (80%) and testing sets (20%), with stratification 
ensuring balanced distribution of atherosclerotic events in both sets.

All models were trained and validated using ten iterations of five- 
fold stratified cross-validation on the training set, with the dataset 
resampled for each iteration to ensure robustness. Performance 
was evaluated using accuracy, precision, recall, and area under 
the receiver operating characteristic curve (ROC-AUC), providing 
comprehensive insights into classification effectiveness and error 
patterns. Hyperparameters for the cross-validated models were 
optimized using Optuna,70 an automated framework, with each 
configuration undergoing the same cross-validation strategy. 
Algorithm-specific search spaces were defined, encompassing 
learning rates (10−5 to 10−1), regularization parameters (C values 
from 10−5 to 10), tree depths (3–10), number of estimators (50– 
200), and other model-specific parameters. Performance was as
sessed using average ROC-AUC and other relevant metrics, and op
timal hyperparameters were selected based on configurations 
achieving the highest cross-validated scores. CatBoost was se
lected as the best-performing model based on its highest average 
ROC-AUC and stability (consistency of performance across testing 
sets). Hyperparameter specifications for all evaluated models are 
provided in Supplementary material online, Table S5. To compare 
the performance of the selected CatBoost model with a traditional 
risk prediction approach, a separate logistic regression model was 
developed using SCORE2 variables (age, sex, TC, HDL-C, SBP, 
and smoking status) in the discovery dataset, with performance as
sessed using ROC-AUC. Statistical significance of ROC-AUC differ
ences was evaluated using the DeLong-test. Feature importance 
was assessed using SHapley Additive exPlanations (SHAP) values, 
which quantify each feature’s contribution to the model’s predic
tions.71 Clinical benchmarking and sensitivity analyses were con
ducted to assess robustness and potential reliance on correlated 
biomarker pathways. For clinical benchmarking, we fit logistic re
gression models using SCORE2 variables alone and an extended 
set additionally including N-terminal pro-brain natriuretic peptide 
(NT-proBNP), apolipoprotein B (ApoB), and lipoprotein(a). To as
sess potential redundancy between biologically related natriuretic- 
peptide analytes, we repeated CatBoost model training after ex
cluding either natriuretic peptide B (NPPB) or NT-proBNP. In add
ition, we fit a restricted-proteome CatBoost model excluding four 
assays related to natriuretic peptides and apolipoproteins (NPPB, 
NT-proBNP, APOB, and apolipoprotein(a)]. All benchmarking and 
sensitivity analyses used the same discovery dataset, train/test 
split, and evaluation framework as the primary analysis.

2.5.3 Generating continuous AtheroBurden signature
The CatBoost classifier72 was constructed using protein expression 
profiles as input features, with models trained to discriminate 
between individuals with and without atherosclerotic disease. 
Following comprehensive hyperparameter optimization through five- 
fold cross-validation, the final classifier was applied to the entire UKB 
cohort to generate continuous risk predictions. The raw prediction 
values obtained directly from the CatBoost algorithm—representing 
the untransformed linear combination of weighted protein features 
—were subsequently standardized as Z-scores (centred at zero with 
a standard deviation of 1) to facilitate inter-individual comparability. 
Four AtheroBurden signatures were derived from the respective pro
tein panels: AtheroBurden-Arterial, based on the artery-enriched pa
nel; AtheroBurden-Mechanistic, based on the atherosclerosis-related 
panel; AtheroBurden-Genetic, based on the MR-derived panel; and 
AtheroBurden-WholeProteome, based on the whole-proteome pa
nel. All models were trained in the discovery dataset and subsequent
ly applied to the entire UKB cohort.
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For longitudinal validation using follow-up measurements and 
external validation in independent cohorts, restricted versions of 
the AtheroBurden signatures were generated to address differen
tial protein coverage. For UKB participants assessed at follow-up 
timepoints (Instances 2/3) where the Olink® Explore 1536 plat
form was employed, restricted signatures were computed by apply
ing the original prediction algorithm with missing value assignments 
(coded as NA) for proteins not measured on the restricted platform. 
An identical methodological approach was implemented for exter
nal validation in the KORA cohorts. To quantify potential informa
tion loss resulting from reduced protein coverage, equivalent 
restricted signatures were generated in the baseline UKB cohort 
(Instance 0) using only proteins available across all platforms. 
Correlation analyses were subsequently conducted to evaluate 
the proportion of variance in the full signatures that could be ex
plained by these restricted protein models.

2.6 Statistical analysis
Population characteristics were summarized as mean ± standard 
deviation (SD) for normally distributed variables, median [inter- 
quartile range (IQR)] for skewed variables, and n (%) for categorical 
variables. Missing clinical data were imputed using predictive 
mean matching via the R package mice (v 3.16.0). Continuous vari
ables were imputed using predictive mean matching, binary vari
ables via logistic regression, and ordinal variables with a 
proportional odds model. Imputation was based on age and sex 
(no missing values) to enhance data quality and repeated five 
times for robustness. We evaluated pairwise associations be
tween baseline protein NPX levels and traditional cardiovascular 
risk factors using Spearman rank correlations. For proprotein con
vertase subtilisin/kexin type 9 (PCSK9), correlations with clinical 
ApoB and LDL-C were additionally stratified by lipid-lowering 
medication status. Cox proportional hazards regression models 
were applied to evaluate the association between AtheroBurden 
scores and time to MACE among participants without baseline 
MACE. Three models were constructed: Model 1 adjusted for 
age, sex, and ethnicity background. Model 2 adjusted for age, 
sex, TC, HDL-C, SBP, and smoking (based on SCORE2 variables); 
and Model 3 further adjusted vascular risk factors (VRFs) included 
age, sex, ethnicity background, SBP, BMI, smoking status, drinking 
status, LDL-C, triglycerides, eGFR, HbA1c, diabetes, hyperten
sion, and family history of CVD. Multiple comparisons were ad
dressed using false discovery rate (FDR) correction to control 
for type I error. Additionally, Logistic and Poisson regressions 
were employed to assess AtheroBurden signatures’ relationships 
with carotid plaque presence and burden, respectively. The same 
covariate adjustment strategy (Models 1–3) was applied in these 
analyses.

To assess the added value of AtheroBurden signatures over 
SCORE2, we evaluated discrimination improvement using concord
ance indices (C-index), calculated with the concordance.index func
tion (survcomp package, v 1.52.0, R). C-index differences (ΔC-index) 
were compared using the cindex.comp function, reporting P-values 
and 95% CI. Time-dependent ROC (timeROC) curves were gener
ated at 10 year follow-up points to track model performance 
over time. Kaplan–Meier survival curves were used to estimate cu
mulative MACE incidence across AtheroBurden signature quartiles, 
with log-rank tests performed for group comparisons. Calibration 
of the SCORE2 model, with and without AtheroBurden signatures, 
was evaluated using calibration plots comparing observed 10 year 
Kaplan–Meier estimates and predicted probabilities within deciles 
of predicted risk. Reclassification metrics included net reclassifica
tion improvement (NRI), category-free NRI (cfNRI), and integrated 
discrimination improvement (IDI). The NRI analysis employed two 
established clinical thresholds (7.5 and 10%) derived from 
SCORE2 risk stratification guidelines, selected based on their 

validated clinical utility in cardiovascular risk assessment. These 
thresholds were applied as population-level cut-points to evaluate 
the overall reclassification performance of proteomic models when 
added to traditional risk factors. NRI was calculated using the pack
age nricens (v.1.6)73 with confidence intervals (CIs) and P-values 
based on 1000-fold bootstrap standard errors. The cfNRI and IDI 
metrics were calculated using the survIDINRI (v.1.1-2).74

Sensitivity analyses examined AtheroBurden signatures’ associa
tions with individual MACE components (AMI, IS, and CV death) 
with FDR correction.

The longitudinal progression of AtheroBurden signatures was as
sessed using linear mixed-effects models with time since baseline 
(in years) as a continuous variable. The scores were derived from 
AtheroBurden scoring systems based on available proteomic data 
and were repeatedly measured for the same individuals at three 
time points: baseline (Instance 0) and two follow-ups (Instances 2 
and 3). The mixed-effects models included random intercepts to ac
count for individual-level variability, with fixed effects for standar
dized baseline risk factors and time.

In the external validation analysis, Cox proportional hazards 
models, adjusted using the same variables as previous analysis, 
were applied to examine the associations between restricted 
AtheroBurden signatures and incident MI and stroke. Kaplan– 
Meier survival curves were applied to estimate cumulative MI 
and stroke incidence across AtheroBurden scores quartiles 
in KORA S4, while improvements in discrimination were evalu
ated by changes in C-index when incorporating restricted 
AtheroBurden scores into SCORE2 variables across both cohorts. 
Sensitivity analysis excluded overlapping participants between 
KORA S4 and Age1 to maintain independence. Statistical power 
calculations for external validation analyses were conducted 
using R package powerSurvEpi (v 0.1.3),75 with an alpha level of 
0.05.

All statistical analyses were performed using R (version 4.3.3), 
and ML procedures were conducted in Python (version 3.9.10). A 
two-sided P < 0.05 was considered statistically significant.

3. Results
3.1 Summary of the study design
The study design is summarized in Figure 1. A detailed study work
flow, including data processing, ML model development, and val
idation steps, is provided in Supplementary material online, 
Extended Figure S1. Of the 502 421 participants enrolled in the 
UKB, a total of 44 788 participants [54% female, median age 
58 years (IQR: 50–64 years)] met our inclusion criteria, after ex
cluding participants with >30% missing proteomic data (see 
Supplementary material online, Extended Figure S2). To develop 
proteomic signatures of atherosclerosis (AtheroBurden signa
tures), we leveraged four sets of proteins (see Supplementary 
material online, Extended Figure S3) and trained ML models to dis
criminate the 1666 cases with established atherosclerotic disease 
from 1666 age- and sex-matched controls (discovery dataset). The 
developed AtheroBurden signatures were subsequently tested for 
associations with incident MACE over a median follow-up of 13.7 
years (n = 41 200), followed by external validation in KORA S4 (n =  
1,361, median follow-up 15.1 years) and KORA-Age1 cohorts (n =  
796, median follow-up 6.8 years). Baseline characteristics of par
ticipants in the development cohort (UKB) and both validation co
horts (KORA S4 and KORA-Age1) are presented in Table 1. We 
further explored associations of the derived signatures with im
aging evidence of atherosclerosis on carotid ultrasound (n =  
1712), as well as serial changes across three timepoints and longi
tudinal progression patterns stratified by both baseline SCORE2 
risk categories and incident MACE status (n = 1210) in subsamples 
of the UKB.64
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3.2 Development of AtheroBurden proteomic 
signatures
To construct proteomic signatures of atherosclerosis burden, we 
developed ML classifiers using a case–control discovery dataset 
comprising 1666 participants with an established diagnosis of ath
erosclerotic CVD and 1:1 age- and sex-matched controls [median 
age 63 years (IQR: 59–66 years), 30% female, Supplementary 
material online, Table S6]. Atherosclerotic disease was defined by 
diagnostic codes encompassing coronary, cerebrovascular (includ
ing carotid), aortic, and peripheral arterial manifestations (see 
Methods). We evaluated the diagnostic performance of eight ML 
models—Logistic Regression, Random Forest, ElasticNET, MLP, 
SVM, LightGBM, CatBoost, and XGBoost—using four sets of pro
teins. The four protein sets were selected to represent different le
vels of biological relevance to atherosclerosis (see Supplementary 
material online, Extended Figure S3): (i) the whole proteome (2920 
proteins); (ii) 402 proteins with evidence of causal association 
with genetic predisposition to CAD as derived from MR analyses 
(MR-derived panel); (iii) 680 proteins coded by atherosclerosis- 
related genes as curated from literature-based evidence according 
to the EnrichR platform68 (atherosclerosis-related panel); and 

(iv) 248 proteins overexpressed in the aorta, coronary or tibial ar
teries, as detected in transcriptomic analyses across 54 tissues in 
GTEx69 (artery-enriched panel). The list of proteins included in 
every set is provided in Supplementary material online, Table S7. 
Across ten iterations of five-fold cross-validation, CatBoost con
sistently outperformed the other tested models in accuracy, pre
cision, discrimination, and recall (see Supplementary material
online, Extended Figure S4 and Table S8). While MLP and 
ElasticNET achieved higher performance than CatBoost for the 
artery-enriched panel in certain iterations, their results were in
consistent and exhibited significant variability. In contrast, 
CatBoost demonstrated robust and stable performance across 
all four panels, maintaining superior accuracy and reliability com
pared with other models (see Supplementary material online, 
Extended Figure S4 and Table S8). CatBoost also outperformed all 
other models in accuracy in the testing set (see Supplementary 
material online, Extended Figure S5 and Table S9). We therefore se
lected CatBoost-derived models for subsequent analyses.

As shown in Figure 2A, the selected CatBoost models achieved 
high true positive and true negative rates across all panels in the test
ing set. Compared with a baseline model using SCORE2 variables 
(ROC-AUC: 0.80), the proteomic panels significantly improved 

Figure 1 Overview of the study design and analytical approaches. The diagram illustrates the methodological approach implemented for 
protein-based atherosclerosis burden quantification. Machine learning models were trained in a UKB discovery dataset (n = 3332; 1666 ath
erosclerosis cases and 1666 age- and sex-matched controls) using 4 biologically informed protein panels. The resulting AtheroBurden signa
tures were validated in a disease-free UKB cohort (n = 41 200; median follow-up 13.7 years), assessed for association with carotid plaque 
burden (n = 1712), evaluated longitudinally (n = 1210), and externally validated in the KORA S4 (n = 1361) and Age1 (n = 796) cohorts.
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discrimination. The atherosclerosis-related, MR-derived, and whole- 
proteome panels achieved comparable enhancements (ROC-AUCs: 
∼0.91, DeLong-test P < 0.001; Figure 2B; Supplementary material 
online, Table S10), while the artery-enriched panel resulted in a mo
dest, non-significant improvement (ROC-AUC: 0.84, DeLong-test 
P = 0.09; Figure 2B; Supplementary material online, Table S10). To 
understand the contributions of individual proteins, we calculated 
SHAP values across each panel. Renin (REN), NT-proBNP, NPPB, 
and PCSK9 consistently emerged as the top contributors to the 
atherosclerosis-related, MR-derived, and whole-proteome panels 
(Figure 2C). Given the biological overlap between NPPB and 
NT-proBNP, we performed drop-one sensitivity analyses by retrain
ing models after excluding either analyte; discrimination remained 
stable (ΔROC-AUC <0.01; Supplementary material online, 
Table S9). In additional benchmarking analyses, an extended clinical 
comparator including SCORE2 components plus NT-proBNP, clinic
al ApoB and clinical lipoprotein (a) achieved an area under curve 
(AUC) of 0.85 (95% CI 0.82–0.87; Supplementary material online, 
Table S10), whereas a restricted-proteome model excluding natri
uretic peptides and apolipoprotein-related analytes retained high 
discrimination (AUC 0.90, 95% CI 0.88–0.92; Supplementary 

material online, Table S10). Correlations between the top-ranked 
proteins and traditional risk factors are shown in Supplementary 
material online, Extended Figure S6 and Table S11.

We subsequently applied these CatBoost models to generate 
four complementary signatures (AtheroBurden-WholeProteome, 
-Genetic, -Mechanistic, and -Arterial) for all UKB participants 
with available proteomic data. The density distributions of all 
AtheroBurden signatures showed a clear rightward shift in partici
pants with atherosclerotic disease and a corresponding leftward shift 
in disease-free participants, reflecting higher and lower scores rela
tive to the population mean, respectively (Figure 2D). Furthermore, 
the signatures captured the burden of atherosclerosis, as illustrated 
by higher scores among participants with evidence of atherosclerotic 
disease in two or more vs. one arterial bed (Figure 2E).

3.3 Association with plaque presence and 
burden
To assess associations with subclinical atherosclerosis, we exam
ined whether baseline AtheroBurden signatures were associated 
with carotid plaque detected by ultrasound. As carotid imaging 

. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

Table 1 Baseline characteristics of participants for each the three cohorts analysed for this study

Characteristic UKB KORA S4 KORA-Age1
N = 44 788 N = 1361 N = 796

Age at recruitment (years), median (Q1, Q3) 58.00 (50.00, 64.00) 63.00 (59.00, 68.00) 76.00 (70.00, 81.00)
Sex, n (%)

Female 24 234 (54%) 685 (50%) 423 (53%)
Male 20 554 (46%) 676 (50%) 373 (47%)

Ethnicity, n (%) NA NA
Asian 982 (2%)
Black 1075 (2%)
White 41 692 (93%)
Mixed 285 (1%)
Other or Unknown 754 (2%)

Born in Germany NA 982 (72%) NA
BMI (kg/m2), median (Q1, Q3) 26.78 (24.19, 29.90) 27.95 (25.65, 30.83) 27.93 (25.51, 30.70)
DBP (mm Hg), median (Q1, Q3) 82.00 (75.00, 89.00) 80.00 (73.50, 87.50) 76.00 (69.50, 83.00)
SBP (mm Hg), median (Q1, Q3) 138.00 (126.00, 152.00) 135.00 (121.50, 148.00) 138.00 (124.50, 150.50)
TC (mmol/L), Median (Q1, Q3) 5.62 (4.89, 6.38) 6.27 (5.53, 6.97) 5.53 (4.81, 6.15)
HDL-C (mmol/L), median (Q1, Q3) 1.40 (1.18, 1.67) 1.44 (1.19, 1.75) 1.45 (1.20, 1.68)
LDL-C (mmol/L), median (Q1, Q3) 3.50 (2.94, 4.08) 3.94 (3.27, 4.60) 3.28 (2.76, 3.90)
Triglycerides (mmol/L), median (Q1, Q3) 1.49 (1.06, 2.14) 1.36 (0.99, 1.93) 1.41 (1.02, 1.99)
eGFR (mL/min/1.73 m2), median (Q1, Q3) 95.06 (84.89, 104.57) 84.50 (74.73, 92.29) 71.70 (59.43, 83.03)
HbA1c (mmol/mol), median (Q1, Q3) 35.30 (33.00, 38.00) 37.71 (35.52, 40.98) 37.71 (35.52, 40.98)
Previous smoking, n (%) 15 806 (35%) 510 (38%) 307 (39%)
Current smoking, n (%) 4816 (11%) 187 (14%) 34 (4%)
Previous drinking, n (%) 1726 (4%) NA NA
Current drinking, n (%) 40 489 (90%) 993 (73%) 519 (65%)
Blood pressure medication, n (%) 10 384 (23%) 455 (34%) 535 (67%)
Cholesterol lowering medication, n (%) 8152 (18%) 134 (9.9%) 199 (25%)
Diabetes, n (%) 2009 (5%) 89 (7%) 112 (14%)
Hypertension, n (%) 11 068 (25%) 737 (54%) 599 (75%)
Family history of CVD, n (%) NA

Yes 25 015 (56%) 282 (21%)
No 18 501 (41%) 817 (60%)
Unknown 1272 (3%) 250 (18%)

NA, not applicable.

1596                                                                                                                                                                                                    L. Zhang et al.
D

ow
nloaded from

 academ
ic.oup.com

/cardiovascres/article/122/12/1589/8721402 by guest on 31 August 2026

http://academic.oup.com/cardiovascres/article-lookup/doi/10.1093/cvr/cvag140#supplementary-data
http://academic.oup.com/cardiovascres/article-lookup/doi/10.1093/cvr/cvag140#supplementary-data
http://academic.oup.com/cardiovascres/article-lookup/doi/10.1093/cvr/cvag140#supplementary-data
http://academic.oup.com/cardiovascres/article-lookup/doi/10.1093/cvr/cvag140#supplementary-data
http://academic.oup.com/cardiovascres/article-lookup/doi/10.1093/cvr/cvag140#supplementary-data
http://academic.oup.com/cardiovascres/article-lookup/doi/10.1093/cvr/cvag140#supplementary-data
http://academic.oup.com/cardiovascres/article-lookup/doi/10.1093/cvr/cvag140#supplementary-data
http://academic.oup.com/cardiovascres/article-lookup/doi/10.1093/cvr/cvag140#supplementary-data
http://academic.oup.com/cardiovascres/article-lookup/doi/10.1093/cvr/cvag140#supplementary-data
http://academic.oup.com/cardiovascres/article-lookup/doi/10.1093/cvr/cvag140#supplementary-data
http://academic.oup.com/cardiovascres/article-lookup/doi/10.1093/cvr/cvag140#supplementary-data
http://academic.oup.com/cardiovascres/article-lookup/doi/10.1093/cvr/cvag140#supplementary-data
http://academic.oup.com/cardiovascres/article-lookup/doi/10.1093/cvr/cvag140#supplementary-data


A

B

C

D

E

Figure 2 Evaluation of machine learning–derived proteomic signature for atherosclerosis detection and burden assessment across four pro
tein panels. (A) Confusion matrices of classification performance across protein panels. The confusion matrices summarize the classification 
outcomes for each protein panel, illustrating proportions of true positives, true negatives, false positives, and false negatives. These results 
reflect the overall accuracy and error distribution of the models. (B) ROC curves for model evaluation. The ROC curves in the testing set illus
trate the predictive performance of each protein panel. Each plot includes two curves: one representing the performance of the respective 
protein panel and the other showing the predictive capacity of cardiovascular risk factors included in the SCORE2 algorithm, used as a com
parator. The AUC values and their 95% CI (calculated using the DeLong method) are reported for each curve. (C ) Shapley (SHAP) values identify 
the top 10 contributing proteins. The bar plots display the mean absolute SHAP values for the top 10 proteins contributing to each model, 
ranked in descending order. (D) Density distributions of AtheroBurden signatures stratified by atherosclerotic status. The density plots depict 
the distributions of AtheroBurden signatures for healthy controls vs. atherosclerotic cases, as well as within the UKB cohort. (E) Violin-box plots 
of AtheroBurden signatures stratified by the number of affected vascular beds as a measure of atherosclerotic burden (*P < 0.05, ***P < 0.001 
between indicated groups). P-values were obtained from two-sided Welch’s t-tests. The middle line represents the median, boxes indicate the 
IQR (25th–75th percentiles), and whiskers extend to 1.5 times the IQR.
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was not performed at baseline in UKB (2006–10), we analysed 
1712 participants who had baseline proteomic measurements 
and underwent carotid ultrasound at the first follow-up visit (start
ing in 2014). Using a deep learning model that we had previously 
developed,59 we found 717 participants to have evidence of ca
rotid atherosclerosis, of whom 222 participants had ≥2 plaques 
(see Supplementary material online, Table S12). In Logistic and 
Poisson regression models adjusted for age, sex, ethnic back
ground, and VRFs, the WholeProteome, Genetic, and Mechanistic 
signatures were significantly associated with plaque presence and 
burden, whereas the Arterial signature showed no association 
(Figure 3; Supplementary material online, Table S13).

3.4 Prospective associations of AtheroBurden 
signatures with incident cardiovascular events
To examine the hypothesis that derived signatures capture pres
ence and burden of atherosclerosis among individuals without a 
history of CVD, we next assessed prospective associations 

between the AtheroBurden signatures and incident MACE (com
posite of non-fatal AMI, non-fatal IS, and CV death) in an independ
ent validation cohort of 41 200 participants (median age 58 years, 
56% female, Supplementary material online, Table S14). During a 
median follow-up of 13.7 years, 2921 incident MACEs were docu
mented. All four scores were consistently associated with incident 
MACE (Figure 4A) in Cox regression models adjusted for age, sex 
and ethnicity background, SCORE2 variables (age, sex, TC, 
HDL-C, SBP, and smoking status), as well as a more comprehensive 
list of demographic and VRFs (age, sex, ethnicity background, SBP, 
BMI, smoking and drinking status, LDL-C, triglycerides, eGFR, 
HbA1c, diabetes, hypertension, and family history of CVD). In the 
fully-adjusted models, the HR for MACE per standard deviation in
crease in the proteomic signatures ranged between 1.50 for the 
Arterial (95% CI: 1.44–1.57, P = 5.9 × 10−69) and Mechanistic signa
ture (95% CI: 1.43–1.58, P = 2.1 × 10−57) and 1.58 for the Genetic 
(95% CI: 1.50–1.65, P = 1.9 × 10−80) and 1.57 for WholeProteome 
signature (95% CI: 1.50–1.65, P = 3.9 × 10−76, Supplementary 
material online, Table S15). All four signatures were significantly 

Figure 3 Associations between AtheroBurden signatures at baseline and ultrasound-defined carotid plaque presence and burden over follow- 
up in the UKB (n = 1712). Forest plots illustrating the associations between four AtheroBurden scores and two measures of atherosclerosis: 
plaque presence (assessed by logistic regression) and plaque burden (assessed by Poisson regression). Results are presented as ORs for plaque 
presence and RRs for plaque burden, each with corresponding 95% CIs. The grey dashed vertical line at 1.0 represents the null hypothesis of no 
association. Effect estimates are presented with 95% CIs under hierarchical adjustment models: demographic factors (age, sex, and ethnicity 
background), SCORE2 variables (age, sex, TC, HDL-C, SBP, and smoking status), and VRFs (age, sex, ethnicity background, SBP, BMI, smoking 
and drinking status, LDL-C, triglycerides, eGFR, glycated HbA1c, diabetes, hypertension, and family history of CVD). P-values were obtained 
from two-sided Wald tests for the AtheroBurden signatures in the corresponding logistic regression (plaque presence) and Poisson regression 
(plaque burden) models. Statistical significance after FDR adjustment is denoted by asterisks: *P < 0.05, **P < 0.01, ***P < 0.001. OR, odds ratio; 
RR, rate ratio.
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associated with all three MACE components, but they showed con
sistently stronger associations with cardiovascular death than AMI 
and IS (Figure 4; Supplementary material online, Table S15). 
Stratifying the AtheroBurden scores by quartiles, we found strong 
dose–response relationships, with MACE risk with cumulative 

incidence of 16–17.2% in the highest (Q4) vs. 4.7–5.2% in the low
est quartiles (Q1) at the end of the 16 year follow-up (Figure 4B). 
The HR for Q4 vs. Q1 following adjustments for the full list of 
VRFs ranged from 2.79 (95% CI: 2.48–3.14) for the Arterial signa
ture to 3.18 (95% CI: 2.8–3.61) for the WholeProteome signature.

A

B

C

Figure 4 Associations of AtheroBurden scores with future cardiovascular risk in the UKB (n = 41 200). (A) Multivariable Cox regression ana
lyses demonstrating associations between AtheroBurden scores and cardiovascular outcomes (MACE and its components—ischaemic stroke, 
AMI, and CV death). Effect estimates are presented with 95% CIs under hierarchical adjustment models: demographic factors (age, sex, and 
ethnicity background), SCORE2 variables (age, sex, TC, HDL-C, SBP, and smoking status), and VRFs (age, sex, ethnicity background, SBP, 
BMI, smoking and drinking status, LDL-C, triglycerides, eGFR, glycated HbA1c, diabetes, hypertension, and family history of CVD). P-values 
were obtained from two-sided Wald tests for the AtheroBurden signatures in Cox proportional hazards models. Statistical significance after 
FDR adjustment is denoted by asterisks: *P < 0.05, **P < 0.01, ***P < 0.001. (B) Kaplan–Meier curves for the cumulative incidence of MACE 
stratified by quartiles of AtheroBurden signature. Population risk gradients are illustrated through colour-stratified quartiles (Q4: purple; 
Q1: orange), with HRs adjusted for SCORE2 variables. Risk tables quantify the at-risk population across follow-up intervals. 
Between-group differences were assessed using a two-sided log-rank test. (C ) Time-dependent ROC evaluating discriminatory performance 
for predicting cardiovascular risk over a 10 year follow-up period. The orange curve represents the SCORE2 model alone, while the purple 
curve represents SCORE2 combined with AtheroBurden signatures. The enhancement in risk discrimination is quantified through comparative 
area under the curve metrics with corresponding 95% CIs. Q1/Q4, Quartile 1/Quartile 4.
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Adding the AtheroBurden signatures to baseline SCORE2 led 
to significantly improved discrimination for future MACE risk, 
as indicated by increases in the C-indices (Table 2). The 
WholeProteome signature exhibited the largest improvement in 
discrimination, increasing the C-index by 0.04 (from 0.70 to 0.74; 
P = 5.49 × 10−29). These improvements remained robust in sex- 
stratified analyses, yielding an increase of up to 0.06 in the 
C-index among males. Testing discrimination changes in 10 year 
risk, against which SCORE2 is validated, further supported signifi
cant improvements (timeROC for SCORE2 0.71 vs. 0.75 when add
ing the AtheroBurden WholeProteome signature, P = 1.76 × 10−32, 
Figure 4C). Incorporating AtheroBurden signatures also led to im
provements in calibration, as indicated by improved alignment be
tween predicted and observed risks (see Supplementary material
online, Extended Figure S7), as well as in NRI metrics (cfNRI and 
IDI) for both the 10 year and total follow-up periods (P < 0.001 
for all comparisons; Table 2). At established clinical decision risk 
thresholds (7.5 and 10%), addition of AtheroBurden signatures to 
SCORE2 led to improved reclassification of study participants to 
the right risk category. For example, the WholeProteome signature 
improved net reclassification of 11.8% of study participants (95% 
CI: 9.4–14.6%) at the 10% risk threshold, while the Genetic signa
ture yielded a 10% improvement (95% CI: 7.5–12.9%) at the 7.5% 
threshold (see Supplementary material online, Extended Figure S8).

3.5 Temporal trajectories of AtheroBurden 
signatures and their clinical correlates
To examine whether AtheroBurden signatures change over time 
and track with disease progression, we analysed 1210 UKB partici
pants with serial proteomic assessments at follow-up visits 

(Instance 2 starting in 2014 or Instance 3 starting in 2019). We first 
assessed associations of baseline VRFs with annual changes in sig
nature scores and then examined whether individuals who subse
quently experienced MACE showed different progression 
patterns compared with event-free participants.

Compared with participants with proteomics profiling at a single 
timepoint, participants with serial assessments were significantly 
younger (median age at recruitment 49 vs. 58 years) and had a sub
stantially lower burden of VRFs (see Supplementary material 
online, Table S16). Because follow-up proteomic assessments at 
these time points were limited to an earlier version of Olink 
Explore—covering ∼50% of the proteins in the newer version— 
we generated restricted signatures using the overlapping subset 
of 1459 proteins (see Supplementary material online, Table S17). 
These restricted signatures correlated highly with the full signa
tures derived at baseline (Instance 0), demonstrating robust signal 
preservation (R = 0.91–0.94, all P < 2.2 × 10−19; Figure 5A).

When stratified by baseline cardiovascular risk categories, we 
found individuals in higher baseline cardiovascular risk strata 
(10 year SCORE2 risk: <2.5, 2.5–5, 5–7.5, and >7.5%) to exhibit 
steeper annual increases in all four AtheroBurden signatures 
(Figure 5B). For example, changes in the Genetic AtheroBurden sig
nature ranged from a decrease of 0.020 SD per year (95% CI: 
−0.026 to −0.015, P = 3.61 × 10−13) in the lowest baseline risk cat
egory (<2.5% 10 year risk) to an increase of 0.085 SD per year (95% 
CI: 0.076–0.094; P = 1.15 × 10−13) in the highest risk category 
(>7.5%). Furthermore, to determine whether AtheroBurden signa
ture progression was specifically associated with clinical outcomes, 
we tested the progression patterns of individuals who went on to 
experience incident MACE during follow-up using linear 
mixed-effects models, which revealed significantly different 
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Table 2 Incremental discrimination and reclassification improvement for predicting MACE with the addition of AtheroBurden signatures

Internal validation dataset (N = 41 200; 2921 incident MACE cases) 10 year follow-up (1770 incident MACE 
cases)

Model C-index (95% CI) ΔC-index (vs. 
SCORE2)

P-value cfNRI (95% CI) IDI (95% CI)

SCORE2 0.697 (0.686–0.708) Ref – Ref Ref
SCORE2 + AtheroBurden 

WholeProteome
0.741 (0.731–0.752) 0.044 5.49E−29 0.179 (0.155–0.200) 0.019 (0.015–0.024)

SCORE2 + AtheroBurden Genetic 0.739 (0.729–0.750) 0.042 2.35E−28 0.185 (0.159–0.208) 0.019 (0.015–0.023)
SCORE2 + AtheroBurden Mechanistic 0.733 (0.722–0.744) 0.036 2.46E−23 0.171 (0.148–0.194) 0.015 (0.011–0.019)
SCORE2 + AtheroBurden Arterial 0.735 (0.724–0.746) 0.038 6.86E−23 0.170 (0.144–0.196) 0.020 (0.015–0.025)
Analysis in males (N = 18 057; 1813 incident MACE cases) 10 year follow-up (1142 incident MACE cases)
SCORE2 0.675 (0.661–0.690) Ref – Ref Ref
SCORE2 + AtheroBurden 

WholeProteome
0.734 (0.720–0.747) 0.058 9.35E−23 0.229 (0.198–0.257) 0.031 (0.025–0.040)

SCORE2 + AtheroBurden Genetic 0.734 (0.720–0.748) 0.059 1.27E−24 0.231 (0.202–0.266) 0.033 (0.026–0.042)
SCORE2 + AtheroBurden Mechanistic 0.728 (0.714–0.742) 0.053 4.42E−21 0.229 (0.196–0.259) 0.028 (0.021–0.035)
SCORE2 + AtheroBurden Arterial 0.729 (0.714–0.743) 0.053 8.52E−20 0.208 (0.177–0.236) 0.031 (0.025–0.039)
Analysis in females (N = 23 143; 1108 incident MACE cases) 10 year follow-up (628 incident MACE cases)
SCORE2 0.722 (0.703–0.740) Ref – Ref Ref
SCORE2 + AtheroBurden 

WholeProteome
0.749 (0.732–0.767) 0.027 1.06E−07 0.144 (0.102–0.182) 0.009 (0.006–0.014)

SCORE2 + AtheroBurden Genetic 0.749 (0.732–0.767) 0.027 1.95E−07 0.165 (0.128–0.204) 0.009 (0.006–0.015)
SCORE2 + AtheroBurden Mechanistic 0.745 (0.727–0.763) 0.023 2.28E−06 0.153 (0.109–0.188) 0.007 (0.004–0.012)
SCORE2 + AtheroBurden Arterial 0.745 (0.727–0.763) 0.023 1.00E−05 0.147 (0.104–0.189) 0.011 (0.007–0.018)

Comparison of model discrimination (C-index and ΔC-index) and reclassification (cfNRI and IDI) when adding various AtheroBurden signatures to SCORE2 for predicting 
MACEs. Results include internal validation and subgroup analyses by sex. All comparisons use SCORE2 as Ref.
Ref, reference.
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trajectories (Figure 5C). Specifically, we found progression of 
AtheroBurden signatures to be restricted to individuals who experi
enced MACE during follow-up. Annual progression coefficients in 
MACE-positive participants ranged from β = 0.042 (95% CI: 
0.007–0.076; P = 0.021) for the Arterial signature to β = 0.099 
(95% CI: 0.058–0.139; P = 1.73 × 10−5) for the Genetic signature, 
while event-free participants exhibited no significant progression.

3.6 External validation of AtheroBurden 
signatures in KORA cohorts
Finally, to externally validate our findings, restricted versions were 
applied to the population-based KORA S4 (n = 1361) and 
KORA-Age1 (n = 796) prospective cohort studies (see 
Supplementary material online, Table S18). Because protein 

quantification in KORA cohorts was limited to cardiovascular and 
inflammation panels, restricted signatures were constructed using 
available overlapping proteins: 232 for WholeProteome, 44 for 
Genetic, 146 for Mechanistic, and 30 for Arterial signatures in 
KORA S4 and 242 for WholeProteome, 45 for Genetic, 147 for 
Mechanistic, and 30 for Arterial signatures in KORA-Age1. There 
were moderate to strong correlations between the 
KORA-adapted signatures and the full AtheroBurden signatures 
in UKB (R = 0.56–0.75, all P < 2.2 × 10−16) in both cohorts 
(Figure 6A for S4; Supplementary material online, Extended 
Figure S9A for Age1). Compared with UKB, KORA participants 
were older (median age: S4, 63 years; Age1, 76 years) with a higher 
prevalence of hypertension (S4: 54%; Age1: 75% vs. UKB: 25%) and 
more balanced sex distribution (S4: 50% female; Age1: 53% female, 
Table 1). Over a median follow-up of 15.1 years in S4 and 6.8 years 

A

B

C

Figure 5 Serial changes of AtheroBurden Scores by baseline cardiovascular risk and incident cardiovascular events in the UKB (n = 1210). (A) 
Baseline correlation of restricted and full proteomic signatures. Restricted proteomic signatures were derived at baseline (Instance 0) using 
1459 proteins common across both available measurement platforms (Olink Explore 1536 and Explore 3072). Scatter plots with hexagonal 
binning illustrate correlations between restricted and corresponding full AtheroBurden signatures (WholeProteome, Genetic, Mechanistic, 
and Arterial). Pearson correlation coefficients (R) and associated P-values are displayed for each signature. P-values were obtained using a two- 
sided Pearson correlation test. (B) Longitudinal trajectories stratified by baseline SCORE2 risk categories. Temporal evolution of AtheroBurden 
scores stratified by baseline SCORE2 risk categories (<2.5, 2.5–5, 5–7.5, and >7.5%). Bars represent mean values at three time points (Instances 
0, 2, and 3), with error bars indicating SE. Annual progression rates (β) and corresponding P-values were derived from linear mixed-effects mod
els. P-values correspond to two-sided t-tests. (C ) Temporal evolution of AtheroBurden scores stratified by incident MACEs. Mean 
AtheroBurden scores at three time points (Instances 0, 2, and 3) are presented separately for participants without and with subsequent 
MACE events (denoted as ‘No’ and ‘Yes’, respectively). Error bars represent SE. Annual progression rates (β) and P-values were derived 
from linear mixed-effects models. P-values correspond to two-sided t-tests. SE, standard error.
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in Age1, 233 and 108 participants were diagnosed with an MI or IS, 
respectively.

In age- and sex-adjusted models, we found all four AtheroBurden 
signatures to be associated with the risk of MI or IS in both cohorts 
(Figure 6B; Supplementary material online, Table S19), with the 
Mechanistic and WholeProteome signatures demonstrating signifi
cant associations after adjustment for the full set of VRFs. Kaplan– 

Meier analyses demonstrated that participants in the highest signa
ture quartile (Q4) exhibited significantly elevated cumulative inci
dence of cardiovascular events compared with lower quartiles in 
KORA S4 (log-rank P < 0.05 for all signatures, Figure 6C). After 
adjusting for SCORE2 variables, HRs for Q4 relative to Q1 ranged 
from 1.77 (95% CI: 1.19–2.65) for the Arterial signature to 2.59 
(95% CI: 1.69–3.97) for the Genetic signature. Similar patterns 

A

B

C

Figure 6 Associations of AtheroBurden signatures with future cardiovascular risk in the KORA S4 (n = 1361) and KORA-Age1 (n = 796) co
horts. (A) Correlation between restricted (KORA S4) and full proteomic signatures in the UKB baseline cohort. Restricted signatures (KORA 
S4) were derived using only proteins quantifiable across all measurement platforms. Hexagonal binning scatter plots demonstrate correlations 
between restricted and corresponding full signatures with Pearson correlation coefficients (R) and associated two-sided P-values. (B) Forest 
plots present HRs and 95% CIs for restricted AtheroBurden scores across the KORA S4 and Age1 cohorts. HRs are shown for three adjustment 
models: demographic factors (age and sex), SCORE2 variables (TC, HDL-C, SBP, and smoking status), and VRF model The VRF model included 
age, sex, SBP, BMI, smoking and drinking status, LDL-C, triglycerides, eGFR, glycated HbA1c, diabetes, and hypertension status in both cohorts. 
Additionally, in KORA S4, parental history of CVD and country of birth (born in Germany) were included. The grey dashed line indicates an HR 
of 1.0 (no association). P-values were obtained from two-sided Wald tests for the AtheroBurden signatures in Cox proportional hazards mod
els. Asterisks denote FDR-adjusted P-values within each cohort: *P < 0.05, **P < 0.01, ***P < 0.001. (C ) Kaplan–Meier curves showing cumu
lative incidence rates of MI/stroke stratified by quartiles of four restricted AtheroBurden signatures in KORA S4. The HRs displayed are 
adjusted for SCORE2 variables. Risk tables are provided below each plot, and log-rank test P-values are displayed for group comparisons.
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were observed in KORA-Age1 (see Supplementary material online, 
Extended Figure S9B). Sensitivity analyses excluding overlapping 
participants in S4 and Age1 showed similar results, though with lim
ited statistical power to draw definitive conclusions (see 
Supplementary material online, Extended Figure S9C and 
Table S20). Similar to the UKB, adding the AtheroBurden signatures 
to the baseline SCORE2 model improved discrimination of MI or IS 
in both KORA S4 (ΔC-index range: 0.010–0.034) and KORA-Age1 
(ΔC-index range: 0.020–0.050; Supplementary material online, 
Table S21).

4. Discussion
In this study, by leveraging large-scale population-based data, we 
constructed four plasma proteomic signatures that (i) discriminated 
between presence and absence of clinically diagnosed atheroscler
otic disease, (ii) showed a dose–response relationship with the 
number of vascular beds affected by atherosclerosis, (iii) correlated 
with imaging-defined carotid plaque burden, (iv) strongly predicted 
future risk of cardiovascular events in disease-free individuals, and 
(v) longitudinally changed according to baseline cardiovascular risk 
and future MACE occurrence. Our findings demonstrate the utility 
of ML-derived signatures of plasma proteomics for assessing ath
erosclerosis burden and estimating cardiovascular risk in disease- 
free individuals.

Our findings extended prior plasma proteomics work in two com
plementary directions. On the one hand, several large-scale prote
omic risk scores have been optimized primarily for incident 
cardiovascular event prediction, generally yielding modest but stat
istically significant improvements beyond established clinical risk 
models (ΔC-index ∼0.01–0.05; NRI ∼4–14%).35,36,38,41 On the 
other hand, proteomics has also been linked to subclinical athero
sclerosis phenotypes, including carotid plaque burden, carotid 
intima-media thickness, and coronary artery calcium, although 
most studies have focused on single vascular beds or targeted pro
tein panels, with incremental performance varying across set
tings.42–48 Our framework bridges these approaches by explicitly 
targeting systemic atherosclerotic burden across multiple vascular 
beds and linking this burden to subsequent vascular events through 
four complementary signatures, with external validation and ro
bustness analyses under constrained protein coverage. In this con
text, our data provide convergent evidence supporting the 
potential utility of the AtheroBurden signatures as circulating bio
markers of atherosclerosis burden. First, all four proteomic signa
tures demonstrated strong discriminative performance in 
identifying individuals with a history of atherosclerotic disease 
and correlated with disease burden, as reflected by the number 
of affected vascular beds. Second, we found the signatures to be 
associated with plaque presence and count in carotid ultrasound 
—an imaging-based surrogate of subclinical atherosclerosis—fur
ther reinforcing their relevance to underlying disease biology. 
Third, among asymptomatic individuals without evidence of ath
erosclerotic disease, higher values of all four signatures were asso
ciated with substantially increased risks of adverse cardiovascular 
events in UKB and KORA. Individuals who went on to develop car
diovascular events are expected to have a higher burden of athero
sclerosis at baseline. Persistence of the associations after 
adjustment for traditional vascular risk factors suggests that the 
proteomic signatures provide biological information beyond stand
ard risk metrics. Moreover, sustained discrimination after excluding 
established biomarkers such as natriuretic-peptide and 
apolipoprotein-related analytes indicates that predictive informa
tion is distributed across multiple proteins rather than dominated 
by a single established marker. Notably, the observed ΔC-index im
provement over SCORE2 (+0.044) approximates the pooled gain of 
adding coronary artery calcium in a meta-analysis (+0.036; 95% CI 

0.020–0.052),76 supporting a scalable, repeatable, radiation-free 
blood-based readout of systemic atherosclerotic burden that aligns 
with imaging-defined plaque burden. Fourth, longitudinal data 
across three serial time points over a median follow-up of 12.5 
years revealed that AtheroBurden scores track with disease pro
gression. Steeper annual increases were observed among indivi
duals with greater baseline vascular risk and among those who 
subsequently experienced major cardiovascular events, consistent 
with the trajectory of atherogenesis. Collectively, these proteomic 
signatures could act as dynamic, non-invasive biomarkers of ath
erosclerotic burden. Importantly, the AtheroBurden framework is 
designed to be interpreted as an integrated composite score rather 
than through individual protein fluctuations. The disease-relevant 
signal was preserved even with substantially reduced protein 
coverage: the biologically constrained Genetic and Mechanistic sig
natures performed comparably with the WholeProteome signa
ture. Robustness was further supported under real-world 
technical constraints with lower protein coverage in longitudinal 
UKB analyses and through external validation in KORA cohorts. 
Together, these findings indicate that the predictive information 
captured by the AtheroBurden framework does not depend on ex
haustive protein coverage. Nonetheless, prospective validation in 
independent cohorts with integrated vascular imaging and prote
omic profiling will be essential to confirm their utility as biomarkers 
of subclinical disease and progression.

We developed four distinct proteomic signatures, each compris
ing proteins with varying relevance to atherosclerosis. Beyond the 
Arterial signature, the Mechanistic, Genetic, and WholeProteome 
signatures demonstrated comparable performance in detecting 
atherosclerotic disease and predicting future MACE events. Our 
approach of not relying solely on the whole-proteome panel aimed 
to reduce the influence of proteins whose circulating levels may re
flect secondary effects of tissue ischaemia rather than atheroscler
osis progression. Investigating the top-ranked proteins in each 
panel provides insights into the distinct biological signals captured 
by our signatures. In the artery-enriched panel, highly-ranked pro
teins were specific to cardiovascular tissues, such as neurotrophic 
receptor tyrosine kinase 3, implicated in cardiac remodelling,77 lep
tin, involved in energy homeostasis78 and linked to subclinical ath
erosclerosis,79 and angiopoietin-2 (ANGPT2), which has shown 
prognostic relevance in peripheral artery disease80 and intracranial 
stenotic lesions.81 Additional high-ranking proteins are linked to 
extracellular matrix remodelling, growth factor signalling, and in
flammation included integrin alpha-11 (ITGA11), insulin-like 
growth factor-binding protein 3 (IGFBP3), transforming growth 
factor-beta-induced protein (TGFBI), and lipopolysaccharide- 
bingding protein (LBP). These proteins have established roles in car
diovascular pathology: ITGA11 in CAD susceptibility and cardiac 
fibroblast differentiation,82,83 IGFBP3 in atherosclerotic plaque 
stability modulation,84 and TGFBI and LBP in macrophage- 
mediated inflammatory responses.85–87 Consistent with these 
functional annotations, leptin tracked adiposity and LBP tracked 
systemic inflammation in UKB (see Supplementary material online, 
Extended Figure S6 and Table S11), supporting that the 
artery-enriched panel captures vascular/tissue-relevant and in
flammatory biology. In contrast, the Mechanistic, Genetic, and 
WholeProteome panels predominantly prioritized systemic cardio
vascular markers, including NT-proBNP and REN, as well as 
cholesterol-associated proteins like PCSK9 and APOC1, potentially 
reflecting end-organ dysfunction and high cardiovascular risk. In 
line with this interpretation, NT-proBNP covaried with age and kid
ney function, while lipid-associated proteins covaried with clinical 
lipid measures (see Supplementary material online, Extended 
Figure S6 and Table S11), providing additional context for the bio
logical signals captured by these signatures. Notably, 
lipoprotein-associated phospholipase A2 (Lp-PLA2; PLA2G7) was 
also prioritized among the top-ranked proteins across our 
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signatures. Given that Lp-PLA2 circulates predominantly on 
LDL-C/ApoB-containing lipoproteins, PLA2G7 may partly reflect 
the atherogenic lipoprotein axis. This interpretation is particularly 
relevant in the UKB Olink context, where the ApoB analyte shows 
poor concordance with clinical ApoB (Spearman ρ = 0.08) and no 
association with 10 year incident major cardiovascular events.88

If validated, plasma proteomic signatures of atherosclerosis 
could have two key translational applications. First, they could en
able monitoring of atherosclerosis progression and cardiovascular 
risk in the context of primary prevention. Circulating biomarkers 
are scalable in primary care settings and could complement imaging 
by identifying individuals with a higher underlying atherosclerotic 
burden, prioritizing them for confirmatory imaging, tracking cardio
vascular risk over time, and monitoring responses to preventive in
terventions. While current proteomics assays are costly, the 
development of targeted protein panels that capture most of the 
variance in the full signatures could reduce costs and promote clin
ical implementation. Second, proteomic signatures may have utility 
in drug development, both as for patient stratification tools and as 
surrogate endpoints of efficacy in trials of atheroprotective treat
ments. Our preliminary analysis in a small subset with serial mea
surements suggests that these signatures may reflect 
atherosclerosis progression over time, but whether they respond 
to treatment effects remains uncertain. In post-hoc analyses of 
two Phase 3 trials testing the glucagon-like peptide-1 receptor 
agonist (GLP-1RA) semaglutide, randomization to treatment vs. 
placebo led to significant reductions in proteomic signatures asso
ciated with MACE risk.89 In the absence of scalable 
non-imaging-based endpoints for atherosclerosis, proteomic signa
tures may offer a promising surrogate endpoint for early-phase 
trials. Incorporating proteomic profiles into Phase 3 cardiovascular 
outcomes trials could enable evaluation of whether such signatures 
correlated with treatment effects on risk reduction at an individual 
level.

Our study has several limitations. First, the use of clinical diagno
ses as proxies for atherosclerotic disease may have biased our sig
natures towards higher disease burden. As clinical diagnoses 
typically reflect stenotic atherosclerotic lesions, it remains un
known whether our signatures also capture very early atheroscler
otic changes. Although supplementary analyses incorporating 
carotid plaque phenotyping were reassuring, the ultrasound assess
ments in UKB were only performed 8 years after the initial prote
omic profiling. Future studies that integrate comprehensive 
vascular imaging with contemporary proteomic profiling could en
able more precise phenotyping for model development. Second, 
external replication in KORA cohorts was constrained by reduced 
proteomic coverage (276 vs. 2920 proteins) and differences in co
hort characteristics—KORA participants were older with a higher 
prevalence of hypertension, potentially enriching for individuals 
with greater atherosclerotic burden. To preserve the independence 
of external validation, we did not refit/retrain the models in 
KORA; instead, we applied UKB-developed, panel-adapted imple
mentations based on overlapping proteins. Despite these differ
ences, restricted signatures based on overlapping proteins 
showed moderate to strong correlations with the full signatures 
(R = 0.56–0.75) and remained significantly associated with future 
MI and stroke events, supporting the robustness and generalizabil
ity of the multi-protein strategy even when some canonical biomar
kers are missing. While the KORA S4 cohort provided sufficient 
power for robust Cox regression analyses, replication in the smaller 
and older KORA-Age1 cohort was limited by reduced sample size 
and event count. Third, repeated proteomic measurements were 
available only in a small, relatively healthy subset of 1210 UKB par
ticipants enrolled in the COVID-19 repeat-imaging study, with only 
10 of 25 MACE occurring after Instance 2, limiting statistical power 
for event-stratified trajectory inference. After addressing prote
omic coverage differences between time points (1463 proteins in 

Instances 2/3 vs. 2923 in Instance 0) using restricted signatures 
(R = 0.91–0.94), we observed divergent trajectories between parti
cipants with and without incident MACE, as well as across SCORE2 
risk categories. However, given reported associations between 
COVID-19 and cardiovascular risk,90,91 these trajectory changes 
may partly reflect COVID-related inflammatory responses rather 
than atherosclerosis progression alone. Accordingly, these findings 
require cautious interpretation and replication in independent co
horts with serial proteomic measurements. Fourth, the predomin
antly European ancestry of the study populations may limit 
generalizability to other ethnic groups. Future studies in more di
verse cohorts are needed to assess the transferability and robust
ness of the identified signatures across ancestries. Fifth, the 
selection of proteins for the artery-enriched signature was based 
on gene expression profiles from the GTEx database,69 which in
cludes bulk tissue samples from coronary, aortic, and tibial arteries 
of donors aged 20–71 years who died due to any cause. As these 
tissues were not selected specifically for atherosclerosis involve
ment, the resulting protein panel may lack specificity for proteins 
derived from atherosclerotic plaques. This limitation could partly 
explain the relatively modest performance of the artery-enriched 
signature in predicting future MACE and carotid plaque presence 
compared with the other protein scores. Future studies leveraging 
proteomic or transcriptomic data directly from human atheroscler
otic plaque tissue may yield more atherosclerosis-specific signa
tures. Sixth, while NPPB, NT-proBNP, and REN have published 
orthogonal validation showing good concordance of Olink-based 
measurements with conventional assays,92–94 most other key pro
teins in our signatures lack such validation. Future work is needed 
to confirm absolute quantification and clinical transferability with 
reference methods.

In conclusion, plasma proteomic signatures can capture athero
sclerosis burden, improving cardiovascular risk prediction in asymp
tomatic individuals. If replicated in cohorts bridging extensive 
vascular phenotyping with proteomic profiling, our results suggest 
that the circulating proteome could serve as an accessible readout 
of systemic atherosclerotic burden that complements imaging-based 
plaque burden assessment. This approach could enable broader im
plementation of screening and prevention strategies for CVD.
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